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Abstract
We propose a multi-purpose level-set segmentation algorithm to detect the boundary of tumors and tissues in high-frequency 3D
ultrasound images of the skin. Whereas most proposed algorithms assume a speciﬁc (e.g. Rayleigh) distribution of the speckle
noise, we do not make such assumption and use non-parametric Parzen estimates of the distribution. We discuss the advantage of
the method on synthetic and clinical images of the skin and tumors.
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1. Introduction
High-frequency ultrasounds (>20 MHz) are a promising tool for diagnosis and surgery of skin tumors, for the
cosmetic industry and for the imaging of organs in small animals. To make quantitative studies, one often needs to
extract boundaries in 3D images, a qualitatively and numerically challenging task [1]. We present a generic level-set
segmentation algorithm based on the statistics of the envelope signal. The most used algorithms assume a Rayleigh
distribution of the speckle noise [2]. Due to the high inhomogeneity of tissues, these methods often lead to qualita-
tively wrong or diverging results for skin images. In this work, we propose instead to estimate the log-likelihood of
a given contour with a non-parametric method based on Parzen estimates of the distribution of intensities. We com-
pare the results of our algorithm with the maximum likelihood method with the hypothesis of a Rayleigh distribution
and demonstrate that our method performs equally well as the Bayesian methods in the case where distributions are
Rayleigh, and has a better robustness for inhomogeneous tissues. For this purpose, we use realistic simulated images
and medical images made with the Dermcup 3D ultrasound scanner of Atys Medical company.
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2. Level-set segmentation
2.1. Log-likelihood cost function
The level-set framework is a type of active contour method (see [3] for a recent review) where the region ΩA
is delimited by the zeros of a level-set function φ(x), such that ΩA = {x|φ(x) ≥ 0} and the background region is
ΩB = {x|φ(x) < 0}. The active contour evolution is generally formalized as a gradient descent to ﬁnd an optimum
of some cost function or energy function of interest. We take a cost function with a data term proportional to the
log-likelihood that the image is split into two areas with diﬀerent distributions as proposed in [4, 5]. Speciﬁcally, the
likelihood of the hypothesis H1 = { the distribution of intensities Ix in the two regions ΩA and ΩB are i.i.d. random
variables drawn from two distributions PA and PB } is compared to the likelihood of the null hypothesis H0 = { all
image points Ix are i.i.d. variable drawn from a unique distribution PΩA∪ΩB(I) }.
The log-likelihood ratio the two hypothesis is
LL = log
(∏
x∈ΩA PA(Ix)
∏
x∈ΩB PB(Ix)∏
x∈ΩA∪ΩB PΩA∪ΩB(Ix)
)
=
∑
x∈ΩA
log PA(Ix) +
∑
x∈ΩB
log PB(Ix) + cste (1)
where we notice that the term in PΩA∪ΩB(I) does not depend on the contour and thus does not play a role in the
minimization of the energy. We now write the energy (to minimize) as minus β the log-likelihood (to maximize),
adding a TV-regularization term with coeﬃcient α:
E[φ] = α
∫
V
dx δφ(x)‖∇φ‖ − β LL[φ] ∂E/∂φx = −δ(φx)
[
α κ(x) + β log
(
PˆA(Ix)
PˆB(Ix)
)]
(2)
In the above, κ(x) is the curvature of the contour and PˆA(I), PˆB(I) are estimates of the intensity distributions. How
to perform such estimate is discussed in the next paragraphs. The optimal contour which minimizes E[φ] is then
obtained via a gradient descent, ∂tφ(x) = −∂E/∂φx. We solve the gradient descent setting |∇φ| = 1 at each time-step,
and evaluating the smoothing term using an Additive Operator Splitting scheme [6] with 0.2 < α < 0.8.
2.2. Parametric estimate of the log-likelihood
A parametric estimate of the likelihood is obtained, assuming that the intensity follows a given parametric family
of distributions. For ultrasound images, it is known that for a large density of scatterers the envelope signal follows a
Rayleigh distribution. The likelihood estimate introduced in [4] assumes that the distribution follows:
PˆA(I) =
I
σˆ2A
exp
(
−I2/2σˆ2A
)
σˆ2A =
1
2|ΩA|
∑
x∈ΩA
I2x (3)
where |ΩA| is the volume of region ΩA. The distribution in region ΩB is estimated in a similar way.
2.3. Non-parametric estimate of the log-likelihood
In the non-parametric approach no hypothesis is made on the nature of the distribution of intensity. The dis-
tributions PˆA(I) and PˆB(I) are estimated from the log-compressed envelope I(x) using a Parzen estimate [5, 7]:
PˆA(I) =
∫
ΩA
dx Kσ(I(x) − I)/|ΩA| where Kσ is a centered Gaussian Kernel of ﬁxed width σ. PˆB(I) is estimated
in a similar way.
2.4. Intensity distributions in clinical images of skin tissues
We ﬁrst illustrate that even though ultrasound images sometimes follow Rayleigh distributions, imaging of the skin
involves tissues with varied distributions, and makes the use of parametric method ill-founded. In ﬁgure 1, it is shown
that the same skin tissue contains two regions (a, b) which follow two Rayleigh distributions with a very diﬀerent
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Fig. 1. Clinical image of the skin, with the epiderm, dermis and subcutaneous regions. (a,b,c) Histogram plot (continuous line) of the envelope
signal in the regions a, b, c. Dashed line: (maximum likelihood) ﬁt of P(I) to a Rayleigh distribution with σa = 37, σb = 110, σc = 29 (arbitrary
units). One can see that regions a, b are well described by two Rayleigh distributions with diﬀerent widths σ, whereas the region c can not be ﬁt to
a Rayleigh law.
Fig. 2. Synthetic images of a hypoechoic structure in a background, and result of the segmentation for the two methods. (a) Case of a homogeneous
background. In this case, the Rayleigh (Ra) and Non-Parametric (NP) segmentation are consistent. (b) With a dark surrounding area in the
background, the Ra segmentation is incorrect whereas NP segmentation is correct. (c) If the contrast of the hypoechoic structure is lower, only the
NP segmentation is correct, and the Ra segmentation diverges (collapse)
width σa = 37, σb = 110 (arbitrary units). In case one needs to obtain the dermis volume (in ΩA), the estimate (3) is
not valid because the actual distribution in ΩA is a mixture of two Rayleigh distributions. Applying the segmentation
method in such a situation leads to erratic, ill-deﬁned behavior. Moreover, one can see in region c that the skin tissues
can be so very inhomogeneous and not follow a Rayleigh distribution.
3. Comparison of segmentation results
We ﬁrst compare the two methods sketched above on synthetic images to illustrate the role of inhomogeneity.
We use a simple simulation method, making the hypothesis of a constant PSF and on the hypothesis of many random
scatterers. A scatterers map h(x) is deﬁned with random complex amplitudes, which is then convolved by a smoothing
ﬁlter F(x) (which plays the role of the envelope of the usual PSF). The envelope of the ultrasound signal is then
assumed to be E(x) = |F(x) ∗ h(x)|. The process yields a realistic ultrasound image, since the spatial correlations
are correctly reproduced and the envelope statistics is Rayleigh for a complex map h with uniform random complex
phase P(φ) = 1/2π in [0, 2π]. Notice that the method could also be extended to produce Rice distributions and others
found in ultrasound, among the ones discussed in [8]. The result of segmentation on synthetic images is shown in
ﬁg.2. Depending on the background, we ﬁnd that the Rayleigh method fails if the hypothesis of two regions ΩA and
ΩB with two Rayleigh distributions is too inaccurate.
We now illustrate the strong qualitative diﬀerences in the segmentation obtained on clinical images of the der-
mis and on a tumor in ﬁg. 3. For example, the Rayleigh segmentation selects homogeneous regions with strong
echogenicity, whereas the non-parametric method is able a globally heterogeneous structure like the dermis and epi-
dermis (see legend in ﬁg. 1). On a tumor of the skin, the Rayleigh distribution selects again a region with consistent
hypo-echogenicity, which is not the target tumor well-captured by the non-parametric method.
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Fig. 3. Segmentation of clinical images of 3D images of the skin (a, b) and of a tumor (c, d). (a, b) and (c, d) are orthogonal cuts along the vertical
direction. Images of the skin have been acquired at the Melanoma Skin Cancer Clinic, Hamilton Hill, Australia on two Dermcup (25MHz, 50MHz)
probes from the company Atys Medical.
4. Conclusions
According to our ﬁndings, for the purpose of segmentation, the use of non-parametric methods supersedes the
parametric Rayleigh method to estimate the log-likelihood of contours according to the regions distribution. The
enhancement of robustness comes at a moderate numerical cost. To overcome the shortcomings of the Rayleigh
method, there are alternative solutions, like using local region terms [9], yet this method is orders of magnitude more
heavy in resources.
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